Understanding the processes related to wildlife recoveries is not only essential in 21 solving human -wildlife conflicts, but also for identifying priority conservation areas and in 22 12 "early-warning" conservation system. 13 14
turn, for effective conservation planning. We used data from a large citizen science program 23 to study the spatial processes related to the demographic and genetic recovery of brown 24 bears in Greece and to identify new areas for their conservation. This was achieved by 25 visually comparing our data with an estimation of the past distribution of brown bears in 26 Greece and by using a Point Process Model to model habitat suitability, and then comparing 27 our results with the current distribution of brown bear records and with that of protected 28 areas. Our results indicate that in the last 15 years bears may have increased their range by 29 2 as much as 100%, by occupying mainly anthropogenic landscapes and areas with suitable 1 habitat that are currently not legally protected, thus creating a new conservation reality for 2 the species in Greece. This development dictates the re-evaluation of the national 3 management and conservation priorities for brown bears in Greece by focusing in 4 establishing new protected areas that will safeguard their recovery. Our conservation 5 approach is a swift and cheap way of identifying priority conservation areas, while gaining 6 important insights on the spatial processes associated with population recoveries. It will help 7 prioritize conservation actions for brown bears in Greece and may serve as a model 8 conservation approach to countries facing financial and logistic constraints in the monitoring 9 of local biodiversity or facing challenges in managing rapid population recoveries. Our 10 conservation approach appeared also to be better suited to identifying priority areas for 11 conservation in areas with recovering wildlife populations and may therefore be used as an Introduction 1 Large carnivores have been celebrating significant population comebacks in Europe (Chapron 2 et al., 2014) , sparking an increased interest in identifying the preconditions, factors and 3 processes that have facilitated these comebacks (e.g. López-Bao et al., 2015) . A thorough 4 understanding of the processes related to large carnivore recoveries is not only essential in 5 solving the increasing number of human -large carnivore conflicts (Bautista et al., 2016) , but 6 also for predicting potential habitat in areas of large carnivore population recovery and in 7 turn, for effective conservation planning in the European context of human-dominated 8 landscapes (Linnell et al., 2008) . At the same time, the vulnerability to human threats (Ripple 9 et al., 2014) , the socio-cultural and financial implications of human -wildlife conflicts (Treves 10 & Karanth, 2003) and the often large spatial requirements (Ripple et al., 2014, Newsome & 11 Ripple, 2015) and long dispersal abilities (Kojola et al., 2006) of large carnivores dictate a 12 management and conservation approach that is based on the swift collection and evaluation 13 of accurate data on their status. This ensures their recovery and survival through their 14 adequate representation inside and outside protected areas (Di Minin et al., 2016) . 15 As new technologies emerge that make it easier to collect and transmit information on 16 one's location, volunteer participation in data collection is becoming increasingly more 17 important as an ecological research tool (Dickinson et al., 2012) . Volunteers participating in 18 citizen science programs can collect more data and cover wider areas, faster than 19 researchers alone would, all of this at a lower cost (Dickinson et al., 2010 , Dickinson et al., 20 2012 ). If analysed properly, opportunistic, presence-only data of citizen science projects may 21 produce reliable estimates of wildlife distribution trends (van Strien et al., 2013); however, 22 such data may suffer from observer bias [sensu Warton et al. (2013) , also commonly referred 23 to as sampling bias], when the sampling effort is not evenly distributed in the entire study 24 area. Thus, if a species is present, it is more likely to be recorded when more people are 25 present to see it, i.e. in areas more densely populated and/or more accessible, such as those 26 close to roads, research centres and cities (Geldmann et al., 2016 , Daru et al., 2018 . If no 27 correction is made for observer bias, the risk is to model the observer distribution instead of 28 the species distribution (Hortal et al., 2008 , Warton et al., 2013 . To address this issue, 29 Warton et al. (2013) developed a method that corrects for observer bias by relating the 30 records of species presence to variables that are split into two categories: ecological 31 variables are variables that are likely to influence a species' occurrence, whereas observer 32 4 bias variables are variables that are likely to influence the detection of a species (the 1 observer's occurrence mainly). When making predictions, only the ecological variables are 2 used, and a common value for the observer bias variables (e.g. the average, or the 3 minimum/maximum value), making the predictions as if the distribution of observers was 4 spatially homogeneous. This method has been successfully applied to model the distribution 5 of plant data (Warton et al., 2013) , but is yet to be applied to animals. 6 Presence-only data obtained from citizen science programs are particularly relevant to 7 large carnivores, such as brown bears (Ursus arctos), because bears are difficult to monitor, 8 due to their cryptic and solitary nature and due to their relatively low density of occurrence 9 over large areas (Kindberg et al., 2009) . At the same time however, bears are also highly 10 charismatic species attracting public attention, increasing the chances that observations 11 would be reported, thus making them particularly suitable for citizen science programs. 12 Brown bears are globally considered by the IUCN as species of Least Concern. In Europe 13 several populations are small, isolated and threatened by habitat loss and fragmentation and 14 by human -bear conflicts (Swenson & Sandegren, 2000 , Bautista et al., 2016 2017). This is particularly the case for brown bears in Greece where the species reaches its 16 southernmost European distribution and is considered to be endangered, numbering fewer 17 than 500 individuals (Karamanlidis et al., 2015) . Despite increasing human -wildlife conflicts 18 (Karamanlidis et al., 2011) , bears have been recovering in recent years (i.e. after 19 approximately the year 2000) in Greece, both demographically (Karamanlidis et al., 2015) 20 and genetically (Karamanlidis et al., 2018) . At the same time, circumstantial evidence 21 suggests that the species has also been expanding its range (Karamanlidis et al., 2008) ; 22 however, no thorough, nation-wide study has been conducted so far to substantiate this 23 fact, partially because of the logistic and financial constraints that have befallen the country 24 since the onset in 2009 of a financial crisis. This incomplete understanding of the current 25 distribution of brown bears in Greece is hindering their effective conservation, which in turn 26 may compromise the ongoing demographic and genetic recovery of the species in the 27 country. 28 The aims of this study were to take advantage of a large citizen science data set to study 29 the presence of brown bears in Greece during the recovery of their population in the country 30 and to identify new priority areas for their conservation. The first aim was achieved by 31 visually comparing our citizen science data with an estimation of the past distribution of the 1 species in the country. The latter aim was achieved by applying Warton et al.'s (2013) 2 approach to our citizen science data to model habitat suitability, and then comparing the 
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In order to gain insights on the spatial processes during the demographic and genetic 19 recovery of brown bears in Greece, we mapped bear records from the HBBRIN using QGIS 20 v2.14 (QGIS Development Team, 2016) and compared them with the past distribution of the 21 species in the country. We considered as a reference the only account of the distribution of 22 brown bears in Greece ( Fig. 1 ) published in the assessment of the species for the Red Book of 23 Endangered Species of Greece (Mertzanis et al., 2009) . In this assessment the total area of 24 continuous brown bear range in Greece was estimated at approximately 13,500 km 2 , which 25 consisted of two geographically distinct population nuclei in the northeastern and 26 northwestern part of the country. Although no information is available on how this map has 27 been produced and whether it represents only core areas of the species or also areas of 28 temporal re-occurrence, it is evident, from the references therein and its publication date, 29 that the map is the best available account on the distribution of brown bears in Greece prior 30 to their demographic and genetic recovery and the beginning of our study. can accept that the realised distribution of brown bears in Greece is compatible with 23 preferred habitat, then such maps of corrected intensity are proportional to habitat 24 suitability. After initially fitting an inhomogeneous PPM to the brown bear records, we found 25 that there was additional clustering of the records beyond that which was explained by the 26 model. Therefore, we used an alternative PPM which accounts for spatial dependence 27 among point locations, an area-interaction model (see Appendix 1). 28 Explanatory variable selection 29 A grid of 1x1 km 2 was laid over the study area, which corresponds to the resolution of the 30 coarsest explanatory variable. The mean value of a set of explanatory variables expected to 31 influence either bear or observer presence was calculated for each grid cell. Explanatory 1 variables were chosen following previous studies of brown bear in Europe (Naves et al., 2 2003 , Martin et al., 2013 . We used topography (i.e. maximum altitude and mean slope), 3 distance to forest edge and distance to shrubland edge, density of rivers (i.e. accumulated 4 length of rivers in the pixel), and percentage of agricultural land as ecological variables, and 5 distance to human settlements, as well as distance to the closest primary or secondary road 6 as observer bias variables (Appendix 1, Table S1 ). The construction of the grid and the 7 calculation and extraction of the ecological variables were done in the R software (R coverage by primary and secondary roads and agricultural areas and lower coverage by 1 mature forests (Table 1) We first assessed the effect of each covariate on the intensity of brown bears per square 2 kilometre as estimated in the PPM. To visualise these effects, we produced scatterplots of 3 the predicted intensities vs. standardised covariates, and then fitted a smoothed generalized 4 additive model to produce a response curve (Fig. 2) . The intensity of the PPM was the 5 highest for intermediate altitudes, slopes and percentage of agricultural land (Fig. 2,   6 Appendix 1, Table S2 ). The intensity of the PPM decreased for greater distance to shrubland 7 and forest edges and to both types of roads and human settlements (Fig. 2 , Appendix 1, 8 Table S2 ). When examining the predictions from the model (Fig. 3) , habitat suitability was patchier 5 when conditioning on a common level of bias ( Fig. 3A: best model, correcting for observer 6 bias) than when observer bias was ignored ( Fig. 3B : only ecological variables were used). Our habitat suitability analysis identified 99 N2K sites with highly suitable brown bear habitat 4 in Greece (i.e. predicted intensities higher than the 80% quantile covering more than 5% of 5 the total area of an N2K site) (Fig. 4) in the N2K network ( Fig. 4) , mainly in the western population nucleus of the species in the 18 country. High-quality habitat in this part of the range of the species was located mainly in 19 the area enclosed by the Grammos, Vitsi-Varnoundas and Askio mountains (Fig. 4) . Understanding the processes associated with population recoveries and identifying areas 11 that are suitable for recolonization by endangered species is essential to support effective 12 conservation policies (Cianfrani et al., 2010) . We used data from a citizen science project and 13 habitat suitability modelling to understand the spatial processes associated with the 14 demographic and genetic recovery of an endangered brown bear population at the southern 15 edge of its European distribution and to identify priority areas for conservation. 16 Brown bear presence during the demographic and genetic recovery of the species in 17 Greece was recorded in both the northeastern and northwestern nuclei of the species in the 18 country. However, a significant percentage of the bear records of the study fell outside of 19 13 the past distribution of the species in Greece, confirming previous circumstantial evidence 1 (Karamanlidis et al., 2008) and providing for the first time a clear indication of the spatial 2 recovery of the species and the recolonization of new areas. This spatial recovery has been 3 associated primarily with the recolonization of anthropogenic/cultural landscapes (Table 1) The results of the study indicate that bear habitat suitability decreased further away from 17 the forest and from the shrubland edge (Fig. 2) richness. Also, this approach would not be applicable to bears and large carnivores in 1 general, because it is hard to find species that would be likely to be recorded by the same 2 citizens at the time of the observations. Finally, in cases where, like in our study, citizens 3 spontaneously report opportunistic data, it is almost impossible to rely on any type of 4 information other than the location of the observations. By relying on independently 5 collected data to model observer bias, the method proposed by Warton et al. (2013) has the 6 advantage to provide a flexible and generic way to correct for observer bias. 7 However, several issues arise when trying to model observer bias using this approach. 8 First, one needs to select variables that capture observer bias. In doing so, some variables 9 seem intuitive, like those related to human population density or to accessibility of the area.
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But others can be harder to classify, like, for example, distance to human settlements, which 11 may have a negative effect on species detection with the less people in the area, the less 12 likely that someone will detect the species if it is present. Therefore, it seems plausible to 13 consider distance from human settlements as an observer bias variable. This is likely to be 14 the case for plants, but for free-ranging mammals with large home ranges, the same variable 15 can also have two opposite ecological effects, with bears either avoiding populated areas 16 (e.g. Naves et al., 2003 , Martin et al., 2012 , Piédallu et al., 2017 bears are present (observer bias variable), but can also be related to disturbance (habitat 23 fragmentation, road mortality) and thus negatively influence the presence of bears (Graves   24   et al., 2011 al., , Martin et al., 2012 . We chose to consider the distance to roads as an observer 25 bias variable. Although its negative effect on bear detection (i.e. the further away from a 26 road, the less likely a bear observation will be made) is consistent with that choice, the 27 difficulty to decide a priori whether a variable should be considered as observer or ecological 28 bias emphasizes the need for future research. 29 Ideally, one should validate the approach -at least for a subset of the study area -using 30 data collected by standardised protocols (hence not suffering from observer bias). This 31 would allow concluding whether the correction for observer bias improved the predictions 32 15 or not, and would also allow for a model which includes both presence-only and presence-1 absence data. However, in this study we did not have access to such good-quality validation 2 data. We had access to telemetry data (VHF and GPS data -which are commonly available 3 for a subset of the study area in many projects), but using these for validation would not highly suitable vs. areas that are not -whereas areas with mixed predictions are less useful). 19 Overall, despite the fact that it was not possible to formally validate our correction for 20 observer bias, studies that have had access to good validation datasets have already 21 demonstrated the added value of correcting for observer bias using the approach we used 22 here (e.g. Warton et al., 2013) . This is supported in our study also by the findings presented 23 in Fig. 4 intensities. This could be due to the existence of ecological differences between the Pindus 2 and Rodopi bear populations and the fact that only a 2% of the total observations used for 3 modelling come from the latter, thus predicting habitat suitability with less accuracy in that 4 nucleus. As evidenced by these predictions, the existing network of protected areas that is 5 formally dedicated to the protection of the species (i.e. N2K sites with bears included in their 6 SDFs) contains critical habitat for the conservation of the brown bear in Greece. This fact is 7 indirectly supported by the high densities of bears (Karamanlidis et al., 2015) , the high 8 number of human -bear conflicts (Karamanlidis et al., 2011) and the genetic importance as 9 source populations in these areas (Karamanlidis et al., 2018) and therefore these areas 10 should be considered as belonging currently to the core habitat of brown bears in Greece.
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However, the number of bear observations collected through the HBBRIN in these areas For the past several years Greece has suffered a financial crisis that has had a negative effect 15 on the national environmental management apparatus (Lekakis & Kousis, 2013 ) that is likely 16 to leave national management authorities in the future struggling to find the necessary funds 17 to effectively monitor and manage biodiversity in the country. Given that the bear 18 population in the country is rapidly recovering (Karamanlidis et al., 2015, Karamanlidis et al., 19 2018) and that at the same time bear densities and conflicts with humans in Greece are 20 increasing (Karamanlidis et al., 2011) , our approach of collecting information on bear 21 presence through a citizen science program and using it to produce habitat suitability maps 22 has been a swift and cheap way of identifying potential hot-spots of bear presence, activity 23 and conflicts with humans in the country, while gaining important insights on the spatial 24 processes associated with the recovery of this large carnivore. 25 Our approach will help prioritize conservation actions in the country towards the areas 26 that need it the most and serve as a model approach to other countries facing similar 27 financial and logistic constraints in the monitoring of local biodiversity or facing similar 28 challenges in managing the rapid recovery of a large carnivore. Acknowledging the previous, 29 we propose the intensification of efforts in Greece to further develop the Hellenic Brown 30 Bear Rescue and Information Network, by carrying out targeted awareness campaigns to the 31 general public and selected stakeholders (e.g. Forestry and Veterinary Departments, 1 Management Authorities of Protected areas) that will increase data input and ultimately the 2 quality of the habitat suitability maps produced using this method. At the same time, it is 3 clear that in the case of the brown bear the current setup of the protected areas network in 4 Greece does not reflect the current conservation reality and that there is a clear need to re-5 evaluate the existing network of protected areas in Greece so that it effectively supports the 6 recovery of the species in the country. 
